Lamisil (terbinafine) may cause idiosyncratic liver toxicity through a proposed toxicological mechanism involving the reactive metabolite 6,6-dimethyl-2-hepten-4-ynal (TBF-A). TBF-A toxicological relevance remains unclear due to a lack of identification of pathways leading to and competing with TBF-A formation. We resolved this knowledge gap by combining computational modeling and experimental kinetics of in vitro hepatic Ndealkylation of terbinafine. A deep learning model of N-dealkylation predicted a high probability for N-demethylation to yield desmethyl-terbinafine followed by N-dealkylation to TBF-A and marginal contributions from other possible pathways. We carried out steady-state kinetic experiments with pooled human liver microsomes that relied on development of labeling methods to expand metabolite characterization. Those efforts revealed high levels of TBF-A formation and first order decay during metabolic reactions; actual TBF-A levels would then reflect the balance between those processes as well as reflect the impact of stabilizing adduction with glutathione and other biological molecules. Modeling predictions and experimental studies agreed on the significance of N-demethylation and insignificance of N-denaphthylation in terbinafine metabolism, yet differed on importance of direct TBF-A formation. Under steady-state conditions, the direct pathway was the most important source of the reactive metabolite with a V max /K m of 4.0 pmol/min/mg protein/µM in contrast to model predictions. Nevertheless, previous studies show that therapeutic dosing leads to accumulation of desmethyl-terbinafine in plasma, which means that likely sources for TBF-A would draw from metabolism of both the major metabolite and parent drug based on our modeling and experimental studies. Through this combination of novel modeling and experimental approaches, we are the first to identify pathways leading to generation of TBF-A for assessing its role in idiosyncratic adverse drug interactions.
Introduction
Lamisil (terbinafine) is an effective antifungal drug widely used for toe and fingernail infections [1] . The drug selectively accumulates in keratin-rich tissues to block fungal squalene monooxygenase activity and in doing so, creates a toxic level of squalene that kills the fungus [20] . When administered orally, terbinafine has relatively low rate of drug-drug interactions [25] , which is likely due to involvement of multiple cytochromes P450 in the drug metabolism [22, 26, 16] . Nevertheless, terbinafine has recently been linked to CYP2D6 inhibition [1, 17] prompting the U.S. Food and Drug Administration to recommend careful monitoring when co-administered with other CYP2D6 substrates [4, 18] . Overall, the attractive properties of terbinafine have made it a popular treatment for onychomycosis, with 1.5 million prescriptions in the U.S. for 2010 alone according to IMS Health [19] . Despite success in the clinic, terbinafine use can induce adverse drug events. Symptoms include mild to severe gastrointestinal, skin, and taste disturbances [11, 10] . In rare cases, compromised hepatobiliary function is possible but typically asymptomatic and reversible. For 1 of 45,000-54,000 patients, terbinafine induces symptomatic cholestatic injury that may require liver transplantation or cause death [23] . While rare, these serious adverse drug effects become significant considering the widespread use of oral terbinafine. Currently, precautionary liver function tests are part of the standard of care against terbinafinehttps://doi.org/10.1016/j.bcp.2018.07.043 Received 18 June 2018; Accepted 30 July 2018 induced liver toxicity. These precautionary tests may reduce the number of severe events, as therapy commonly increases markers of liver injury and terbinafine must be withdrawn [3] . Unfortunately, this type of monitoring reveals toxicity only after it occurs and thus is not predictive. The identification of the underlying mechanism for these adverse drug events associated with terbinafine might provide opportunities to identify patients at risk and thus better personalize treatment for improving health outcomes.
Drug-induced adverse events commonly involve an initiating event derived from metabolic activation of the drug into a reactive electrophilic metabolite [5] . The metabolism of terbinafine includes extensive N-dealkylation, aliphatic hydroxylation and arene oxidation [14] likely carried out by cytochromes P450 [26] , yet early studies failed to detect 6,6-dimethylhept-2-ene-4-ynal (TBF-A), a potentially reactive allylic, propargylic aldehyde (Fig. 1) . In 2001, Iverson and Uetrecht [13] trapped TBF-A with glutathione during microsomal reactions of terbinafine and validated the structure of conjugates using synthesized standards. The conjugative reaction occurred preferentially through a 1,6-Michael addition that then left a second electrophilic site available for 1,4-Michael addition with glutathione or cellular proteins. Importantly, glutathione conjugation of TBF-A was reversible so that the transport of the conjugates could lead to off-target effects. Based on these properties, the authors offered a provocative mechanism for terbinafine hepatotoxicity associated with adverse drug events for patients; in hepatocytes, terbinafine metabolism yields the TBF-A glutathione conjugate, which undergoes transport to the bile ducts where the reactive conjugate modifies hepatobiliary proteins such as bile acid transporters to induce liver dysfunction. Ultimately, this toxicological mechanism for terbinafine exposure depends on the presence and capacity of pathways to metabolically liberate the reactive TBF-A molecule from the drug. Thus, an understanding of the mechanism by which TBF-A forms from terbinafine is essential for being able to assess potential for patient variability in TBF-A accumulation and stratify risk for downstream liver toxicity.
As a tertiary amine, terbinafine undergoes metabolism to yield TBF-A through three main N-dealkylation pathways (Fig. 1) . The direct formation of TBF-A is shown in Pathway 1 (colored red), while the other pathways involve two steps and branch off into competing pathways. In Pathway 2 (colored blue), the first step is N-demethylation to yield desmethyl-terbinafine, and subsequent metabolism yields TBF-A. For Pathway 3 (colored green), terbinafine metabolism liberates Nmethyl-6,6-dimethyl-2-hepten-4-yn-1-amine and generates TBF-A in a second step. A previous in vitro kinetic study using human liver microsomes and recombinant cytochromes P450 reported formation of 11 terbinafine metabolites including three from the N-dealkylation pathways with the important exception of TBF-A, which escaped detection [26] . In that study, the observed rates were combined and analyzed according to common reaction types (side chain oxidation, N-demethylation, deamination, dihydrodiol formation). Consequently, the efficiency of individual pathways, and their relative contributions to Fig. 1 . N-Dealkylation of terbinafine pathways leading to formation of reactive TBF-A. Three N-dealkylation pathways for terbinafine yield TBF-A (m/z 384, dansyl labeled). Pathway 1 (red) is a single step pathway yielding directly TBF-A and N-methyl-1-naphthyl methylamine (m/z 405, dansyl labeled) as a co-metabolite (step 1.1). Pathway 2 (blue) is a two-step pathway yielding first desmethyl terbinafine (m/z 511, dansyl labeled) and formaldehyde via N-demethylation (step 2.1), followed by generation of 1-naphthyl methylamine (m/z 391, dansyl labeled) and TBF-A from desmethyl terbinafine (step 2.2a). Pathway 3 (green) is a two-step pathway yielding first naphthaldehyde (m/z 404, dansyl labeled) and N-methyl-6,6-dimethyl-2-hepten-4-yn-1-amine (step 3.1), which undergoes N-dealkylation to yield TBF-A (step 3.2). There are three non-N-dealkylation primary metabolites of terbinafine from alternate pathways, i.e. hydroxyterbinafine (m/z 308) and two isomers of terbinafine dihydrodiol (m/z 326) that were also observed in this study (shown in grey box). Carboxyterbinafine has been reported by others [26, 12] but was not observed under our steady state conditions. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) terbinafine metabolic activation to TBF-A and overall clearance remain unknown.
We resolved this knowledge gap by combining experimental and computational modeling of in vitro hepatic N-dealkylation of terbinafine. In previously published work, we modeled HLM N-dealkylations that revealed both amine and aldehyde metabolites and then predicted the subsequent reactivity of the aldehyde as a potential precursor for toxicity [7] . We then modeled terbinafine metabolism to determine preferred N-dealkylation steps leading to TBF-A (Fig. 1) . Of the three possible initial reactions, our model predicted the highest probability for N-demethylation of terbinafine to desmethyl-terbinafine (probability (P) of 0.79) (Reaction 2.1, blue, Fig. 1 ) and very low probabilities for the other reactions (P < 0.10) [7] . Given those results, we modeled subsequent metabolism of desmethyl-terbinafine to yield TBF-A in Path 2.2a and the opposing Path 2.2b, whose probabilities were 0.35 and 0.21, respectively. The model findings suggest that Pathway 2 may be an effective route to generating TBF-A. Nevertheless, our modeling does not incorporate the impact of binding affinities and concentration as the driving force for these enzymatic processes.
In the present study, we complemented the computational modeling by carrying out steady-state kinetic studies with pooled human liver microsomes (HLM150) to determine the mechanisms and corresponding kinetic constants for terbinafine metabolism, and thus the concentration-dependent metabolic efficiency of N-dealkylation pathways. Steady-state conditions minimize secondary processes to determine mechanism and efficiency of single steps in metabolic pathways, which can then be put together to study the complete pathway. Initial metabolite profiling of terbinafine metabolism revealed low sensitivity and hence high variability with many metabolites while others such as TBF-A were undetectable. As a solution, we developed inhouse labeling methods for aldehydes with dansyl hydrazine and for amines with dansyl chloride, respectively. Through this effort, we improved sensitivity and quantitation of multiple metabolites including TBF-A. We measured steady-state metabolism of terbinafine and the major primary metabolite desmethyl-terbinafine as relevant N-dealkylation pathways leading to TBF-A. The resulting data were fit to the most statistically preferred kinetic mechanism and corresponding constants used to reveal the metabolic efficiency of the N-dealkylations leading to formation of TBF-A. Computational analyses were further used to model N-dealkylation pathways leading from terbinafine primary metabolites. Lastly, we compared and discussed the findings from our computational and experimental approaches for elucidating the potentially clinically relevant pathways leading to TBF-A formation.
Materials and methods

Materials
All chemical solvents were purchased from Thermo-Fisher (Waltham, MA, USA); however, special chemicals were obtained from various commercial sources. Substrate terbinafine hydrochloride and its metabolites, i.e. N-methyl-1-naphthyl methylamine hydrochloride, 1-naphthyl methylamine, naphthoic acid, and 1-napthaldehyde were purchased from Millipore-Sigma-Aldrich (St. Louis, MO, USA), while Ndesmethyl-terbinafine hydrochloride and E-6,6-dimethylhept-2-ene-4-ynal (TBF-A) were obtained from Toronto Research Chemicals (North York, ON, Canada). Millipore-Sigma-Aldrich was also the source of labeling agents and internals standards including dansyl chloride, dansyl hydrazine, fluoxetine hydrochloride, and dimethyl benzaldehyde. Lastly, human liver microsomes pooled from 150 donors (HLM150) were purchased from Corning (Corning, NY, USA) for metabolism studies. Corning states that their tissues are sourced from US-based Organ Procurement Organizations, which meet high ethical standards and strict traceability.
Steady-state metabolism of terbinafine and secondary metabolites
As a model for the average adult liver, we assessed terbinafine metabolism using HLM150. We initially carried out time course reactions to establish steady state conditions for metabolism of terbinafine and identify all measurable metabolites. These reactions contained 0.2 mg/mL protein for HLM150 and 500 µM substrate in 50 mM potassium phosphate buffer pH 7.4. Reactions were initiated upon addition of a NADPH regenerating system (2 μU μl −1 glucose-6-phosphate dehydrogenase, 10 mM glucose 6-phosphate, 2 mM MgCl 2 , 500 μM NADP+) and incubated at 37°C with shaking at 350 rpm. Identical mixtures without addition of NADPH regenerating system were also incubated as negative controls. At 0, 5, 10, 20, and 30 min, reaction aliquots were quenched by adding an 8-fold volume of ice cold acetonitrile containing two internal standards (200 µM fluoxetine and 0.5 µM dimethyl benzaldehyde) and incubated on ice for 5 min to optimize precipitation of proteins and phosphate buffer [21] . After 2500 rpm centrifugation at 4°C for 15 min using a Beckman GPR Centrifuge, the supernatant was transferred to a 96 well half-volume microplate and evaporated to dryness using an Organomation Microvap Nitrogen Evaporator System (Organomation Associates, Inc, Berlin MA). Dried wells were then resuspended in mobile phase (20:80 water:acetonitrile + 0.01% formic acid) for LC-MS analysis.
The initial studies led to changes in the strategy for analyzing steady-state metabolism of terbinafine. First, the optimal conditions for steady-state studies were determined to be 0.1 mg/mL protein for HLM150, varying substrate, and NADPH regenerating system in 50 mM potassium phosphate buffer pH 7.4 at 37°C with shaking until quenching of the reaction at 30 min as described. Each set of steadystate reactions was performed in triplicate and replicated three to five times. Second, several important metabolites including TBF-A were undetectable or at the limit of detection. Consequently, we developed in-house methods using labeling compounds reported by others [24, 8, 9 ] to improve and expand the analysis of amines and aldehydes (vide infra). Finally, the initial rates from these steady-state reactions were plotted against substrate concentration and then fit to the Michaelis-Menten equation (hyperbolic curve) and Hill equation (nonhyperbolic curve) using in GraphPad Prism 6.0 (GraphPad Software Inc., San Diego, CA). The best-fit and corresponding kinetic constants were determined using extra sum-of-squares F test.
Labeling aldehydes with dansyl hydrazine
Given the initial absence of observable TBF-A in microsomal reactions, we developed a labeling method based on reports by others [24, 8] using dansyl hydrazine to trap carbonyls like 1-naphthaldehyde and TBF-A into relatively stable hydrazones to improve their detection. The bulky group increased the mass of the analyte for more effective detection by MS. Quenched microsomal reaction supernatants were mixed with 1/10 vol of 55 mM dansyl hydrazine in acetonitrile and 1% acetic acid and then stored in the dark. After one hr, mixtures were evaporated to dryness using an Organomation Microvap Nitrogen Evaporator System (Organomation Associates, Inc, Berlin MA) and then resuspended in mobile phase (20:80 water:acetonitrile + 0.01% formic acid) for LC-MS analysis. Samples were stored in mobile phase at 4°C for at least two hr prior to injection to reach equilibrium. Dimethyl benzaldehyde present in the microsomal reaction quench served as an internal standard and positive control for the dansyl hydrazine labeling reaction. Samples were analyzed by our LC-MS approach by targeting masses for dansyl hydrazone derivatives of expected aldehydes (see Results, Section 3.1).
Labeling amines with dansyl chloride
The analysis of N-methyl-1-naphthyl methylamine and 1-naphthyl methylamine was limited by low sensitivity, and thus we adapted a
Biochemical Pharmacology 156 (2018) [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] method described by others [9] to label primary and secondary amines using dansyl chloride and improve detection as described for the dansyl hydrazones. Quenched microsomal reaction supernatants were dried down using Organomation Microvap Nitrogen Evaporator System (Organomation Associates, Inc, Berlin MA), and a dansyl chloride solution was prepared by combining 20 mM dansyl chloride in acetone, with 25 mM bicarbonate pH 8.3 , and water at a 3:2:1 ratio. Dried wells were resuspended using 60 µL of the dansyl chloride solution for labeling. After 15 min, labeling reactions were quenched by adding 10 µL 0.1 M sodium hydroxide. Samples were dried and resuspended in mobile phase (20:80 water:acetonitrile + 0.01% formic acid) for LC-MS analysis. Fluoxetine present in the microsomal reaction quench served as an internal standard and positive control for the dansyl chloride labeling reaction. Samples were analyzed by our LC-MS approach by targeting masses for dansylated derivatives of expected amines (see Results, Section 3.1).
UHPLC-MS analysis of metabolic reactions
We employed an LC-MS method to resolve and quantitate analytes from the reactions based on m/z and co-elution with authentic standards. Reaction metabolites were separated by a Cortecs C-18 2.7 µm column (4.6 × 50 mm) using a Waters Acquity Arc UHPLC system and detected by a Waters Acquity QDa single quadrupole MS system (Waters, Milford, MA). The mobile phase consisted of Solvents A (0.01% formic acid/water) and B (0.01% formic acid/acetonitrile). A gradient method started with 65% Solvent A for 1 min, decreased to 20% over 5 min and held for 2 min. Solvent A was then increased back to 65% over 1 min and held for the remainder of the run. The total flow rate was 0.5 mL/min, and the total run time per sample was 15 min. The QDa was set with a cone voltage of 20 V to detect masses from 150 to 650 in positive ion mode as reported by others [26] . Analyte responses were normalized to internal standards and quantitated relative to authentic metabolite standards. Standard curves were used for quantitation of analytes.
As a complement to those efforts, we analyzed labeled TBF-A by mass spectrometry to determine the parent masses and fragmentation patterns for TBF-A adducts with dansyl hydrazine to validate purported structures. Samples were injected onto an Agilent Technologic 1290 Infinity HPLC using a gradient flow of 0.35 mL/min Solvent A (0.01% formic acid/water) and B (acetonitrile) through an InfinityLab Poroshell 120 EC-C-18 column (2.1 × 150 mm, 2.7 µm). The method started at 40% Solvent B for 1 min, increased to 100% B over a 9 min period and was held for 1 min before being returned to 40% B over a 1 min period. Analytes were scanned with Agilent Technologic 6490 Triple Quad LC/MS. ESI source was operated in positive ion mode, and ion spectra were acquired in full scan mode monitoring the m/z range of 50-1000 amu. Subsequently, product ion spectra were generated from the theoretical precursor ion m/z 384 monitoring for fragmentation by collision-induced dissociation (20 eV).
Assessment of competing reactions during terbinafine metabolism
Modeling and experimental studies described and scaled reaction progression differently which impacted the interpretation of their findings alone and in combination. For modeling efforts, the likelihood for N-dealkylations was dependent on the diversity and number of reactions represented in the training set. By contrast, reaction progression in experimental studies was determined by the rate of the reaction (V max ) and binding interactions (K m ) dependent on substrate concentration. Those kinetic values provided critical mechanistic insights on the type of forces driving reaction progression and the influence of substrate structure on them. Substrate binding to the enzyme is essential for making the chemical step possible and thus concentration should frame the analysis of reaction progression. As a strategy to assess and compare individual reactions, we limited conditions to a constant and sub-saturating substrate concentration, so that [S] < < K m . The rate of the reaction defined by the Michaelis-Menten equation then was reduced to V max /K m , i.e. the catalytic efficiency. The use of this kinetic parameter is conditional; substrate concentrations cannot be the same at all reaction steps of a metabolic pathway and thus this approach could only be applied to assess competing reactions at an individual pathway step. This limitation equally applied to model predictions that lacked the dependence of the reaction rate on substrate concentration.
Model predictions and experimental values also differed in scaling data for individual reactions that would confound a direct comparison of the respective findings. Model probabilities ranged from 0 to 1.0 while kinetic constants were continuous variables. These qualities would scale differently the magnitude of substrate structure effects on reaction progress, making direct comparisons of findings from computational and experimental studies not possible. As a solution, we calculated fractional contributions of competing reactions at each reaction step to assess the relative dominance of pathway branches during metabolism. The modeled probability for an individual reaction was divided by the sum of probabilities for all competing pathways to yield its fractional contribution to overall substrate metabolism. Similarly, the V max /K m for an individual reaction at a step in the pathway was divided by the sum of all values of competing reactions to determine its fractional contribution to substrate metabolism. Despite these efforts, neither experimental nor modeling approaches lent themselves to assessing the metabolic flux of terbinafine through Pathways 1, 2 and 3 to yield TBF-A; the modeling lacked a way to account for the dependence of reactions on concentration and experimental studies were carried out under steady-state conditions at equilibrium. Nevertheless, we developed robust strategies for studying partitioning at individual steps of metabolism and comparing insights gained from modeling predictions and experimental observations.
Results
Labeling significantly expanded observable terbinafine metabolites
Terbinafine underwent extensive metabolism by HLM150 leading to ten individual metabolites detected by MS (Fig. 1) . In the positive ion mode, direct analysis of the initial time course data revealed the presence of terbinafine (m/z 292), desmethyl-terbinafine (m/z 278, unlabeled; m/z 511, labeled), N-methyl-1-naphthyl methylamine (m/z 172, unlabeled; m/z 405, labeled), 1-naphthyl methylamine (m/z 158, unlabeled; m/z 391, labeled), hydroxyterbinafine (m/z 308), and terbinafine dihydrodiols (two isomers m/z 326). Due to a lack of commercially available standards, hydroxyterbinafine and dihydrodiol identification relied on m/z responses and resolution of isomers as described previously by others [26] . Among the metabolites, N-methyl-1-naphthyl methylamine and 1-napthyl methylamine were detectable in reactions only at high terbinafine levels (> 100 µM). Importantly, TBF-A was not observed at all. In negative ion mode, we observed only trace amounts of naphthoic acid formed during the reaction. We improved significantly sensitivity for metabolites through labeling approaches that enabled the first stable trapping of TBF-A. Through dansyl hydrazine labeling, we observed all three aldehydes from the reaction including 1-naphthaldehyde (m/z 404, labeled), TBF-A (m/z 384, labeled) and formaldehyde (m/z 278, labeled), which were not detected in the unlabeled reaction analysis. Given the novelty and significance of TBF-A, we confirmed the structure of the purported hydrazone by LC-MS/MS to observe fragmentation of the theoretical precursor ion of m/z 384 (data not shown). Dansylation of amines using dansyl chloride improved sensitivity for N-methyl-1-naphthyl methylamine and 1-naphthyl methylamine by at least 1000-fold based on the standard curve slopes. This outcome made it possible to carry out kinetics of the former while only trace amounts of the latter were detected. Of the Ndealkylation metabolites (Fig. 1) , N-methyl-6,6-dimethyl-2-hepten-4-yn-1-amine and 6,6-dimethyl-2-hepten-4-yn-1-amine were not detected [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] in reactions despite the labeling techniques.
Establishing steady-state conditions revealed TBF-A decay
We determined steady-state conditions in a two-step process. We initially assessed the linearity of metabolite formation during the reaction as a function of time and then chose a single time point within that range to validate linearity with response to protein concentration. The time courses for metabolites except TBF-A were linear up to 40 min ( Fig. 2A) . During the reaction, TBF-A levels initially rose, gradually crested, and then began to decrease, suggesting a significant process of elimination. Given its reactivity, we investigated whether TBF-A levels decreased in the presence of active or heat-inactivated HLMs as well as the dependency of decay on NADPH. TBF-A decayed rapidly in buffer solution and accelerated in the presence of HLM. There were no differences among reactions with HLMs indicating a lack of significance contributions from enzymes on decay (Fig. 2B) . Subsequent studies revealed the exponential rate of decay depended on TBF-A concentration consistent with a first order process (Fig. 2C) . This observation explains the observed increase in loss of TBF-A during the time course, because higher concentration would increase the rate of decay. Efforts to identify possible products from the decay even in the absence of HLM were unsuccessful. For kinetic studies, we carried out reactions at a 30 min reaction time to maximize yields, and hence sensitivity, while under steady-state conditions. Under those conditions, observed rates for desmethyl-terbinafine were linear as a function of protein concentration from 0.05 to 0.3 mg/mL (Fig. 2D) , so that 0.1 mg/mL was chosen for steady-state studies. Lastly, steady-state reactions under these conditions yielded only primary metabolites, indicating no significant secondary metabolism. Fig. 3A and B and were fit best to the Michaelis-Menten mechanism yielding kinetic constants summarized in Table 1 . Due to decay, TBF-A kinetics would inherently underestimate the true kinetics for the reaction. By contrast, the rates for N-methyl-1-naphthyl methylamine directly reflect the efficiency of this pathway to TBF-A formation. Based on the fits of the data, the apparent V max for TBF-A was six-fold lower and the K m two-fold lower than that observed for Nmethyl-1-naphthyl methylamine. Nevertheless, the combination of these differences resulted in a more than two-fold underestimation of efficiency of the path when measuring TBF-A directly.
First step of terbinafine N-dealkylation through Pathway 2 was most efficient
For Pathway 2, TBF-A formation requires a two-step process. Initial N-dealkylation of terbinafine produces formaldehyde and desmethylterbinafine. Despite our best efforts, background formaldehyde levels remained too high to accurately measure formation rates during metabolism. Desmethyl-terbinafine rates could be determined from unlabeled and labeled reactions; however, the dansyl hydrazine labeling reaction interfered with quantitation of the metabolite for reactions at higher terbinafine concentrations through unknown processes (data not shown). Fig. 4A displays the resulting kinetic profile and Table 1 lists the corresponding constants for what was the most efficient N-dealkylation reaction for terbinafine. Subsequent metabolism of desmethylterbinafine branches off into two directions. One path leads to TBF-A 2a, Fig. 1) ; however, only TBF-A levels were consistently measurable, resulting in the kinetic profile in Fig. 4B . Based on the kinetic constants (Table 1 ), this step is much less efficient than the initial N-dealkylation and the analogous step in Pathway 1 leading to TBF-A. The competing path (Pathway 2.2b, Fig. 1 ) leads to 1-naphthaldehyde and 6,6-dimethyl-2-hepten-4-yn-1-amine, although only kinetics for 1-naphthaldehyde were measurable ( Fig. 4C ; Table 1 ). Despite a similar K m to other reactions, the V max was one of the lowest, indicating poor metabolic efficiency. By comparison, Pathway 2.2a is more efficient that Pathway 2.2b; however, the actual difference in efficiency is much higher due to the underestimation of TBF-A yields.
Terbinafine N-dealkylation through Pathway 3 was the least efficient
Like Pathway 2, this pathway requires two steps to generate TBF-A. The N-dealkylation step generates naphthaldehyde and N-methyl-6,6-dimethyl-2-hepten-4-yn-1-amine, although only the aldehyde was detectable at levels necessary for determining reaction rates. The kinetic profile for the reaction is shown in Fig. 5 and the corresponding constants in Table 1 . Despite similarities to Path 2.2b, N-denaphthylation was about two-fold less efficient due mostly to a lower V max . The overall kinetics of this reaction indicated it to be the most inefficient metabolic step among all analyzed in this study. Subsequent reactions would then be irrelevant to terbinafine metabolism yielding TBF-A; thus, further studies were not carried out.
Structure-function relationships identified for terbinafine Ndealkylations
Information gained from computational modeling and experimental studies provided an opportunity to assess the impact of structure on the metabolism of terbinafine derivatives. Among all three pathways (Fig. 6 ), modeled N-dealkylation to yield TBF-A increased in probability with decreasing terbinafine substituents. Direct formation of TBF-A was the least probable (Pathway 1.1, P 0.06), yet the probability increased significantly after N-demethylation (Pathway 2.2a, P 0.35) and much more in the absence of the bulky naphthyl moiety (Pathway 3.2, P 0.74). N-Demethylation reactions for Pathways 2.1 and 3.2 were consistently highly probable (P ≥ 0.74). Like reactions yielding TBF-A, Ndenapthylation probability was low (Pathway 3.1, P 0.09), but increased when the methyl group was absent (Pathway 2.2b, P 0.21). Compared to the parent drug, N-dealkylation of the terbinafine dihydrodiol metabolites slightly decreased in probability for all steps. By contrast, pathways for terminal hydroxyl-or carboxylterbinafine significantly decreased in probability especially with respect to N-demethylation and N-dealkylation leading to TBF-A. Overall, probabilities for reactions generally increased with fewer and less bulky N-alkyl groups.
Due to technical challenges, an analysis of structure-function relationships with experimental data was limited to only two of the Ndealkylation reaction types for terbinafine (Fig. 6) . While semi-quantitative, we compared kinetics for TBF-A formation in Pathways 1.1 and 2.2a based on the use of a similar methodology for analysis of the Fig. 3 . Steady-state kinetic profiles for Pathway 1 of terbinafine N-dealkylation. NDealkylation of terbinafine yielded metabolic kinetics for two metabolites derived from Pathway 1 as illustrated in Fig. 1 . The kinetic profiles include those for (A) TBF-A (dansyl hydrazine labeled) and (B) N-methyl-1-naphthyl methylamine (dansyl chloride labeled). Both sets of data were fit best to the Michaelis-Menten equation (p < 0.05), and the corresponding constants reported in Table 1 . Twelve experimental reactions were carried out with terbinafine as substrate. Reaction conditions and data analysis were carried out as described in Materials and Methods. [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] reaction kinetics. Given that condition, the rate of TBF-A formation increased after removal of the terbinafine methyl group, but substrate binding (K m ) increased more comparatively, leading to a decreased overall catalytic efficiency. By contrast, the loss of the methyl group doubled the efficiency of N-denaphthylation from 0.14 to 0.28 mainly due to a higher rate of turnover. No experiments were carried out on the oxidized primary metabolites of terbinafine due to their lack of commercial availability.
Metabolic reactions strongly favored over others in terbinafine Ndealkylation
We leveraged findings from computational and experimental studies to determine relative significance of competing reactions at each metabolic step by calculating their fractional contributions. At the onset of metabolism, computational modeling strongly favored partitioning to Pathway 2 with minor competition from alternate pathways (Fig. 6) . The resulting major metabolite desmethyl-terbinafine then favored Ndealkylation to TBF-A over N-denaphthylation. The minimal partitioning through the first step of Pathway 3 led to a similarly low preference for generation of TBF-A. Based on experimental data, nearly three-fourths of terbinafine underwent N-demethylation in Pathway 2 and one-fourth N-dealkylation to yield TBF-A directly in Pathway 1 (Fig. 6) . Terbinafine N-denaphthylation in Pathway 3 was negligible.
We applied a similar strategy to assess the contributions of competing pathways to desmethyl-terbinafine metabolism in Pathway 2. The reaction leading to TBF-A was preferred most (80%) of the time compared to N-denaphthylation. Taken together, these findings indicate preferential steps leading to TBF-A formation but importantly cannot predict the concentration-dependent flux to TBF-A through these multistep pathways.
Non-dealkylation pathways for terbinafine involved high affinity pathways
Despite the focus on N-dealkylation pathways, observation of hydroxyterbinafine and terbinafine dihydrodiol metabolites (Fig. 1 ) during steady-state reactions provided the first insights on their metabolic pathways. In the absence of standards, it was only possible to fit the observed response rates as a function of terbinafine concentration. In following, we determined the metabolic mechanism and kinetic constant reflecting enzyme-substrate interactions but not the maximal rate. The kinetic profiles were measured from at least three experimental replicates and fit best to the Michaelis-Menten mechanism (p < 0.05) (Fig. 7A and B) . The K m for hydroxyterbinafine was 10.9 ± 6.1 μM, while that for the dihydrodiols were 15.3 ± 5.1 and 18.6 ± 5.5 μM, respectively. Similarly, we determined the K m for dihydriodiols to be 22.1 + 4.2 µM for the metabolism of desmethyl- Fig. 4 . Steady-state kinetic profiles for Pathway 2 of terbinafine N-dealkylation. N-Dealkylation of terbinafine and desmethyl-terbinafine yielded metabolic kinetics for three metabolites derived from Pathway 2 as illustrated in Fig. 1 . The kinetic profiles include those for (A) desmethyl-terbinafine (dansyl chloride labeled) from terbinafine, (B) TBF-A (dansyl hydrazine labeled) from desmethyl-terbinafine (Path 2.2a), and (C) naphthaldehyde (dansyl hydrazine labeled) from desmethylterbinafine (Path 2.2b). All sets of data were fit best to the Michaelis-Menten equation (p < 0.05), and the corresponding constants reported in Table 1 . Nine experimental reactions were carried out with terbinafine and desmethyl-terbinafine as substrate. Reaction conditions and data analysis were carried out as described in Materials and Methods.
terbinafine (Fig. 7C) . Desmethyl hydroxyterbinafine was not detected as a metabolite from the reaction though.
Discussion
Development of novel methods was necessary to study TBF-A
Knowledge of drug metabolism led to speculation over thirty years ago on the possibility of terbinafine metabolism yielding reactive, toxic metabolites [14, 6] , yet the likelihood for bioactivation pathways remained elusive until now. In this study, we combined computational modeling and experimental approaches to assess the significance of three N-dealkylation pathways for terbinafine to generate the reactive alpha, beta unsaturated aldehyde TBF-A (Fig. 1) . Rather than speculation, our modeling of metabolic pathways yielded probabilities for each reaction step that shed light on competition for alternate branches within the pathways leading to TBF-A. Despite high probabilities predicted for TBF-A formation, multiple in vivo [14, 12, 15] and in vitro [26] studies, including the current one, failed to directly observe TBF-A or any possible downstream metabolites. The first evidence for TBF-A required trapping with glutathione [13] . The reversibility of the resulting adduct formation indicated only a fraction of the metabolite was observable at any given point. A more quantitative approach would be necessary to more accurately measure TBF-A levels formed during metabolism. We addressed this problem by developing a novel trapping method to create a stable dansylated hydrazone of TBF-A. Dansyl hydrazine trapping revealed unexpectedly high levels of TBF-A formation and importantly, its subsequent decay during metabolic reactions.
TBF-A spontaneously decayed in solution
TBF-A decay likely explains why the reactive metabolite has escaped detection for so long; knowledge of the mechanism of decay is then necessary for understanding how the process impacts TBF-A levels and its role in toxicity. TBF-A spontaneously decayed in buffered solution and slightly accelerated in the presence of HLM150 regardless of whether or not the enzymes were heat inactivated, indicating nonenzymatic processes at work. The first order process could be explained through two mechanisms. First, TBF-A may react with itself, perhaps by forming a dimer. Alternatively, TBF-A may react with water. This bimolecular process would appear as a pseudo-first order process due to high bulk water concentration (55 M). A plausible reaction between water and TBF-A is hydration of the double bond to yield an aldol as reported for acrolein [2] -another alpha, beta unsaturated aldehyde. Unfortunately, we were not able to detect a TBF-A aldol or any of its possible degradative products. Nevertheless, the formation of transient, stable TBF-A species would decrease the rate of decay and hence increase its half-life. The spontaneous decay of TBF-A did not occur in methanol used to prepare our stock solutions. This observation may reflect the formation of a stabilizing hemiacetal as observed for formaldehyde. Similarly, the formation of a reversible glutathione adduct with TBF-A reported by Iverson and Uetrecht [13] may stabilize the reactive metabolite against decay and thus create an accumulation of reactive metabolite that could be transferred or released by glutathione to cause damage to proteins. Such a mechanism would have potential toxicological relevance given the high levels of glutathione (∼7 mM) in the liver [27] capable of driving equilibrium to adduct formation.
TBF-A formation was significant during terbinafine metabolism
Our trapping of TBF-A as a stable hydrazone led to its first reported kinetics. The initial time course studies for terbinafine metabolism revealed the impact of first order decay on TBF-A levels as they rose and then fell while other metabolites increased linearly over the same time frame. Consequently, studies using late time points would significantly underestimate TBF-A levels, which may explain very low levels of the glutathione adduct of TBF-A reported previously from a 1 hr reaction and high microsomal protein levels [13] . The decay process induced an underestimation of TBF-A kinetics, and thus we sought an alternate, possibly more accurate way to assess TBF-A formation relying on kinetics for the amine co-metabolites in Pathway 1.1 and 2.2a (Fig. 1) . Unfortunately, those amines demonstrated low sensitivity and high variability and in fact, neither of them has been reported in other studies [26, 14, 15] . As an analytical solution, we developed a novel dansyl chloride labeling approach that increased sensitivity to the metabolites 1000-fold, making quantitative kinetic studies possible. Kinetics for Nmethyl-1-naphthyl methylamine during terbinafine metabolism confirmed measurable and relatively high rates of formation for these pathways missed in previous studies. While the strategy worked in that case, we had less success with reactions using desmethyl-terbinafine as a substrate. The low efficiency of this reaction led only to measurable kinetics by TBF-A formation. These relatively efficient metabolic processes yielding TBF-A confirmed the high probabilities for those reaction steps predicted by our modeling efforts. During the reaction, the measured levels of TBF-A would reflect the balance between formation of the reactive metabolite and its decay as well as the mitigating effects of processes stabilizing TBF-A in solution.
Modeling and experimental designs impacted the interpretation of results
The differences in how modeling and experimental studies described and scaled reaction progression impacted the interpretation of their findings alone and in combination. Modeling efforts generated a probability for N-dealkylation to occur based on patterns of known reactions in a training set. By contrast, experimental studies measured the significance of reaction progression through the rate of the reaction (V max ) and binding interactions (K m ) dependent on substrate concentration. Those metrics provided additional insights on how substrate structures impacted the types of forces contributing to the reaction. The observed rate of reaction depends on concentration to saturate the enzyme. Thus, we limited conditions to a constant and sub-saturating substrate concentration, so that the rate of the reaction was reduced to Table 1 . Nine experimental reactions were carried out with terbinafine as substrate. Reaction conditions and data analysis were carried out as described in Materials and Methods. the catalytic efficiency (V max /K m ) for assessing and comparing individual reactions. When considering metabolic pathways, substrate concentration is not the same, making our approach only suitable for assessing competing reactions at an individual pathway step. Similarly, such an analysis was necessary for modeling predictions given the lack of consideration of the concentration as a driving force in probabilities for reaction progression. Moreover, modeling and experimental approaches scaled values differently, impacting their interpretation and comparison as a function of substrate structure. As a solution, we calculated fractional contributions using modeling and experimental data for competing reactions at each reaction step to assess the relative dominance of pathway branches during metabolism. Despite these advantages, the avoidance of concentration in the analyses precluded an assessment of the metabolic flux of terbinafine through Pathways 1, 2 and 3 to yield TBF-A. Nevertheless, our robust strategies provided ways to study partitioning at individual metabolic steps and compare insights gained from modeling predictions and experimental observations.
TBF-A derived mainly from Pathway 1 under steady-state conditions
Modeling predictions and experimental studies agreed on the significance of N-demethylation (Pathway 2) and insignificance of N-denaphthylation (Pathway 3) in terbinafine metabolism, yet differed on the importance of direct TBF-A formation through Pathway 1 (Fig. 6 ). According to terbinafine reaction kinetics, direct formation of TBF-A in Pathway 1 was the most important source of the reactive metabolite under steady-state conditions. The efficiency of the reaction and fractional contributions was only three-fold less than that for the first step of Pathway 2. Desmethyl-terbinafine may be the major metabolite from the terbinafine reaction, but its subsequent metabolism to yield TBF-A is less efficient than the parent drug, making contributions minimal. Moreover, steady-state conditions obviate significant product (desmethyl-terbinafine) accumulation, which would further decrease the catalytic potential to ultimately generate the reactive metabolite through Pathway 2. Consequently, the partitioning of steps in terbinafine metabolism suggests that TBF-A formation through Pathway 2 is not as significant as Pathway 1 under steady-state conditions. By comparison, the N-dealkylation model correctly predicted a high probability for terbinafine metabolism down Pathway 2 yet significantly underpredicted the likelihood for Pathway 1. In fact, the direct formation of TBF-A was the least probable N-dealkylation pathway. For Pathways 3 and 2.2b, both modeling and experimental studies reported poor N-denaphthylation of terbinafine and desmethyl-terbinafine. These outcomes may reflect sufficient representation of N-demethylations and N-denaphthylations in the training set, but a lack of N-dealkylations yielding a relatively long alkyl metabolite. Given this insight, we can expand the number and diversity of those types of reactions and retrain the model to improve accuracy. Taken together, these efforts revealed the importance of direct formation of TBF-A during terbinafine metabolism as a potential initiator of toxicity.
Two TBF-A pathways may be relevant under in vivo conditions
The emphasis on terbinafine metabolism describes only part of the story about its reactive metabolite; in practice, patients dose terbinafine daily leading to the accumulation of metabolites due to variations in Fig. 7 . Steady-state kinetic profiles for metabolites of other oxidation pathways of terbinafine metabolism. Steady-state reactions yielded several metabolites from oxidative pathways not involving N-dealkylation. No quantitative standards for the products were available, so data was reported based on MS peak area. No labeling was used for detection of these metabolites. Terbinafine reactions yielded profiles for (A) hydroxyterbinafine (m/z 326) and (B) two isomers of terbinafine dihydrodiol (m/z 308). (C) Desmethyl-terbinafine reactions yielded profiles for two isomers of desmethyl-terbinafine dihydrodiol (m/z 312) not shown in Fig. 1 . Three experimental reactions were carried out for each substrate. Reaction conditions were carried out as described in Materials and Methods. their absorption, distribution, metabolism, excretion, and transport. In fact, plasma levels of terbinafine and desmethyl-terbinafine are approximately equivalent [15] ; it is possible that metabolic Pathways 1.1 and 2.2a simultaneously contribute to TBF-A generation in patients (Fig. 6) . The similarity in concentration would translate into an almost two-fold higher contribution from Pathway 1 due to its higher efficiency for that metabolic step. Moreover, clinical studies also reported carboxyterbinafine and desmethyl-carboxyterbinafine in plasma [12] that may also undergo metabolism to yield TBF-A. These alternative oxidation pathways were not investigated experimentally in this study due to the emphasis on competing N-dealkylation pathways that lead to the reactive metabolite TBF-A. Modeling studies suggested the introduction of a negatively-charged group at the terminus of the molecule significantly decreased the probability of metabolism. This observation seems reasonable given that cytochromes P450 typically prefer hydrophobic substrates. Based on these collective studies, if the likelihood for TBF-A generation is so high, then why is toxicity from this reactive metabolite not more commonly observed? The answer may lie in our observation of a high decay rate for TBF-A. Toxicity in patients may then depend on the balance between TBF-A formation and decay for TBF-A; a lack of understanding the factors impacting that balance would make subsequent adverse drug events with terbinafine appear idiosyncratic.
General lessons about reactive metabolites
In the case of terbinafine, several factors confounded an accurate determination of its reactive metabolite. TBF-A eluded direct observation by LC coupled to MS and spectroscopic detection based on its physico-chemical properties [26] . A labeling method would be necessary to reveal its presence but glutathione was not an effective trap for it especially given its reversibility [13] . Despite the capture of the reactive metabolite, its decay further restricted the conditions for observing and studying TBF-A properties. Taken together, these limitations in experimental design and instrumentation highlight challenges in demonstrating how potentially important reactive metabolites in the clinic can be missed by experimental approaches.
Concluding remarks
We are the first to identify pathways leading to generation of the reactive metabolite TBF-A as a potential initiator of idiosyncratic adverse drug interactions. We achieved this goal through a combination of novel tools in modeling and experimental approaches. The N-dealkylation model predicted a high likelihood for TBF-A formation among three possible pathways, yet experimental evidence for reactive metabolites required a trapping method to stabilize it for quantitative studies as well as revealing a critical dynamic for steady-state TBF-A levels. A comparison of the information gained from modeling and experimental approaches posed challenges due to their differences in type and scaling of information; however, the calculation of fractional contributions provided a solution for comparing competing reactions at each reaction step. Based on experimental results, modeling the pathways was accurate for the major N-demethylation step but less so for N-dealkylations yielding TBF-A. Training with a larger, more diverse set of N-dealkylations could resolve this shortcoming. In the end, the kinetics revealed that TBF-A formation is not a minor pathway but a relatively significant one when compared to competing reactions. On-going studies are focusing on identifying specific cytochrome P450 isozymes responsible for these reactions. These isozymes and their activity are integral to full understanding of TBF-A generation and vary in the population due to clinical factors such as genetic polymorphisms, sex, age, race, ethnicity, and pathophysiological conditions. Taken together, our novel design of modeling and experimental studies provided a more powerful approach to detecting and quantitating metabolites leading to a more accurate assessment of possible critical pathways and corresponding kinetics that would have otherwise been missed.
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